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Abstract

Foundation Models like Large Language Models (LLM)
and Large Vision Models (LVM) show huge potential in
automating processes in building design, construction, and
operation. However, there are concerns about their capa-
bility to create coherent, usable, sustainable, and safe ar-
chitecture. This paper analyzes the challenges and poten-
tials of LLMs and LVMs in the architecture, engineering,
and construction (AEC) sector by executing a systematic
literature review of research papers. We discuss a col-
lection of relevant AEC modalities like Computer Aided
Design (CAD) models, semantic graphs, and time series
and how they could integrate into the current landscape
of models. From the analysis we derive research direc-
tions toward the development of domain-specific “Build-
ing Foundation Models” which are in the fields of reli-
able & consistent foundation models, explainable tools
& collaborative workflows, and benchmark methods and
datasets.

Introduction

The architecture, engineering, and construction (AEC) in-
dustry was an early driver of the development of mod-
ern computer technologies. The sketchpad by Sutherland
in 1964 (Sutherland, 1964) pioneered the development of
software for Computer Aided Design (CAD) as well as
hardware such as graphical computer screens, digital pens
and the computer mouse by D. Engelbert a few years later.
With the introduction of personal computers and 3D mod-
eling capabilities in the 1970s, CAD systems became more
sophisticated in the 1980s (Requicha and Voelcker, 1982)
and established themselves as the main tool for designing
and planning constructions.

The establishment of CAD lead to new challenges in the
AEC industry, in which many companies and individu-
als tend to work together on a single project. To im-
prove collaboration and information exchange the concept
of Building Information Modeling (BIM) emerged in the
early 1990s (van Nederveen and Tolman, 1992) as a com-
mon workflow and exchange format. However, while these
technological developments have had a positive impact on

collaboration and information exchange, productivity has
not improved as much as first hoped. The fundamental
problem with engineering buildings is that each building is
to some degree unique. As such, technologies like BIM do
not immediately create large productivity gains, because
they still do not automate many of the individual processes.

New technologies like artificial intelligence (AI) can build
on and assist existing BIM technologies. The question of
Computational Design has been an obvious use case for
years (Caetano et al., 2020). Various approaches devel-
oped over time, from Parametric (Jabi, 2013) to Generative
(Krish, 2011; Gan, 2022), and Algorithmic Design (Ox-
man, 2017; Sun et al., 2022; Mandow et al., 2020). The
challenge in these approaches is that they are constrained
in their generation capability by the underlying generation
rules and representations and cannot recombine them in
creative ways (Eloy et al., 2018) without introducing ran-
domness and non-determinism, which bring their own is-
sues (Caetano et al., 2020).

Recent Al advancements simplify rule creation by using
a black-box approach. With proper training, Al enables
creative recombination within implicit limits, avoiding the
need for strict rules or pure randomness. The most re-
cent models, called Foundation Models (FM), like Chat-
GPT or StableDiffusion, are trained on vast datasets and
promise massive productivity gains. Many studies experi-
ment with these models and show wide applicability across
use cases. But they also uncover limitations that are intrin-
sic to these models and create unreliable results in mul-
tiple ways (Manduchi et al., 2024). This unreliability is
especially problematic in engineering, where incorrect in-
formation can have dramatic real-world consequences. To
truly increase productivity within the AEC industry, FMs
need to be able to support our modalities in engineering
as input and output, and do so reliably within long-term
workflows involving people of various knowledge levels.

The paper analyzes the current state of the art in form
of a systematic literature review (SLR) on the types of
Foundation Models and their application in the AEC do-
main. Therefore, we searched for recent publications about
LLMs and LVMs in AEC on Google Scholar, Scopus and



Web of Science. With a systematic data extraction and
analysis process, we identified the common strengths and
challenges of these models to derive core research topics
for our scientific community. Similar studies exist for ur-
ban planning (Zhang et al., 2024b), but, not for AEC in
general. Finally, we propose the development of special
Building Foundation Models (BFMs), which we con-
sider a family of multi-modal foundation models special-
ized for domain-specific scenarios and datasets. They need
to be capable of assisting users in design, build, and op-
eration, with deep domain and standardization knowledge
beyond the generic text and image prompts of current mod-
els. To focus the development of these BFMs, we will lay
out design requirements and a research roadmap.

Foundation Models for the AEC Sector

Large Language Models

There are three important benefits of LLMs: (i) First, their
capability to generate elaborated responses to questions of
common knowledge that is well represented in their train-
ing data (Raiaan et al., 2024). This also extends to knowl-
edge on architecture (Ploennigs and Berger, 2024), worker
safety education (Uddin et al., 2023), or education (Abedi
et al., 2023). (ii) Their capability to summarize texts from
standards (Zentgraf and Konig, 2024), work orders and in-
cidents (Smetana et al., 2024), reporting (Pu et al., 2024),
or even performing energy analysis (Forth et al., 2023).
(iii) Their capability to adapt to new knowledge by tuning
(few-shot-learning) to train problem specific models. This
is particularly useful for training complex information like
regulations (Fuchs et al., 2024), advising in BIM develop-
ment (Du et al., 2024), performing compliance checking
(Iversen, 2024), and executing simple planning tasks like
scheduling in project management (Prieto et al., 2023).
While these early results demonstrate a wide applicability
of LLMs, they also uncover similar limitations. A large
challenge of LLMs is their tendency to hallucinate, which
describes the case that LLMs generate factually wrong out-
put that sounds reasonable when they are actually uncer-
tain. This risk of hallucination has been identified as main
issue in engineering across all the papers cited above. Due
to its probabilistic nature, LLMs cannot differentiate this
case from the correct one and thus have no easy way to
prevent it (Xu et al., 2024). Recent research has confirmed
(Compton et al., 2023) that this cannot be solved by adding
more training data, as it increases spurious correlations.

Large Vision Models

The benefits of LVMs are similar to those of LLMs: (i)
Their capability to generate simplifies the generation of
images for art (Kotovenko et al., 2019), concept design
(Cheng et al., 2023), urban planning (Seneviratne et al.,
2022), or floor plan design (Shim et al., 2024). (ii) Their
capability to summarize allows the interpretation of exist-
ing images for inspection (Prajapati et al., 2024) or histor-
ical reconstruction (Moral-Andrés et al., 2023). (iii) Their
capability to adapt with few-shot learning allows them to

address new tasks. In particular, StableDiffusion stands
out as a freely available model (Rombach et al., 2022). It
allows for quick fitting of the model to specific tasks like
computational design (Kotovenko et al., 2019).

On the other hand, these image generators lack contextual,
spatial, and semantic understanding of the generated con-
tent. While images initially look properly structured, they
contain many errors in detail (Shim et al., 2024; Senevi-
ratne et al., 2022; Kotovenko et al., 2019; Moral-Andrés
et al., 2023), because the models generate pixels based on
probability rather than on a semantic understanding. In
consequence, the images lack conceptual representation of
the 3D space, constructability, material properties, build-
ing sequences and other fundamental context present in en-
gineering. In AEC this is akin to issues with early CAD
formats, which led to the development of BIM. Beyond
being incapable of creating correct details, the generators
also cannot create consistent multi-view images, like con-
sistent views on an object from different angles (Rombach
etal., 2022; Blattmann et al., 2022). This limits their appli-
cability in the ideation phase and does not bring productiv-
ity increases in latter steps. In summary, the understanding
of even simple technical, domain-specific drawings is lack-
luster, and little training data pertaining to multi-modal in-
formation carriers in the built environment exists to date.

Foundation Models

Many recent LLMs and LVMs are multi-modal models
that operate on both images and text. They are general-
ized under the term Foundation Model (Zhou et al., 2023).
Recent work in FMs focuses on developing specific do-
main models such as medicine (Moor et al., 2023), climate
(Nguyen et al., 2023), mechanics (Gopfert et al., 2024) or
robotics (Firoozi et al., 2023). Here, modalities range be-
yond text and images into more structured forms like e. g.
code (Kwak et al., 2023), video (Wang et al., 2024), 3D
models (Mohiuddin et al., 2024; Bauscher et al., 2024),
point clouds (Zhang et al., 2024a), speech and voice (Li
et al., 2023), time series (Steinberg et al., 2021) or graphs
(You et al., 2020). The benefits can again be classified
into: (i) the capability to generate multi-modal content
(Bauscher et al., 2024; Zhang et al., 2024a); (ii) capability
to summarize content (Wang et al., 2024; Mohiuddin et al.,
2024); and (iii) capability to adapt domain models by few-
shot-learning (Li et al., 2023; Mohiuddin et al., 2024).

Challenges of Foundation Models in AEC

FMs face the same challenges as LLMs and LVMs indi-
vidually. Because of this, there has been growing interest
in the AEC research community in using semantic BIM
models as a basis for new Al approaches, utilizing their
graph structure to simplify model architecture and increase
scalability. The semantic models can be used to auto-
mate the training of individual AI models at large scale,
utilizing symbolic reasoning or combinations of reason-
ing and ML approaches in the form of neuro-symbolic Al
approaches. These methods combine symbolic reason-



ing with neural networks to leverage the strengths of both
paradigms: (i) deterministic semantic knowledge repre-
sentation and reasoning and (ii) flexible learning capabil-
ities to create more adaptive and context-aware solutions.
Of particular importance in this development are Graph
Neural Networks (GNNSs) (Scarselli et al., 2008), that can
exploit the graph structure of semantic knowledge to learn
and classify those structures or even the underlying data
(Haurilet et al., 2019). This approach shows promise for
many tasks like classification (Wang et al., 2022), model
enrichment (Kaltenegger et al., 2024), automated code
checking and structural design optimization (Bloch et al.,
2023; Nakhaee et al., 2024), data querying (Stéphane et al.,
2023), causal understanding (Haurilet et al., 2019), and
performance predictions (Grauer and Ploennigs, 2025).

Construction projects also collect a lot of unstructured
information beside BIM in the form of standards, doc-
uments, tables, equations, drawings, pictures, and time-
series data that are collected during design, construction
and operation (Sobhkhiz and El-Diraby, 2023). Attempts
to add this information to BIM primarily resulted in more
complicated formats and lack of adaptation in practice
(Rexhaj and Strelec, 2024). FMs provide new ways to
extract this unstructured information from text and im-
ages (Zentgraf and Konig, 2024; Smetana et al., 2024).
This capability needs to be extended to extract informa-
tion from other modalities (see Fig. 1). Many historical
CAD plans exist only as line drawings (Sobhkhiz and EI-
Diraby, 2023). Point cloud scans require separation of spa-
tial, geometric and image information (Werbrouck et al.,
2020; Mohiuddin et al., 2024). Documents and standards
require understanding of tables and equations (Lynch et al.,
2024). FMs can improve these approaches by researching
multi-modal few-shot-learning approaches that can ana-
lyze unstructured information, to increase productivity by
learning historical domain and project knowledge. This
requires different approaches for each modality.

To enable the previously described approaches, it is es-
sential to create good datasets to train and benchmark the
trained foundation models. Creating those datasets is non-
trivial, as their quality can significantly influence model
quality and they need to represent the body of knowledge
in its multi-modality in a fair and robust manner (Chang
et al., 2024; Manduchi et al., 2024). Furthermore, we need
ways to evaluate the correctness of the generated results
according to established engineering standards. Although
likelihood-based metrics are extensively used to evaluate
FMs (e. g. Mean Absolute Error, Accuracy, Precision) they
do not provide a good assessment of the engineering qual-
ity of the generated outputs (Theis et al., 2015), as it re-
mains unclear whether an increase in accuracy translates
to safe usage. Another challenge is the subjective nature
of attributes like realism and style. Human inspection is
the gold standard but can be subjective, especially in AEC
(Zhou et al., 2019). Consequently, learning a reward func-
tion from human preferences has gained importance, and
public benchmarks of these could provide valuable eval-

uation tools for generative models (Ouyang et al., 2022).
We have to create validated benchmark datasets and eval-
uation metrics to ensure reliable FMs in the AEC industry.
Some IFC datasets exist (Emunds et al., 2021), but for Al
they are often generated (Bloch et al., 2023). For mean-
ingful FM training we need labeled, realistic datasets.
Current FMs also face significant computational chal-
lenges related to the generative process design. The it-
erative multi-stage denoising process in diffusion models
notably slows down inference, often requiring hundreds to
thousands of network function evaluations (NFE) to gen-
erate high-quality samples (Song et al., 2020). Similarly,
the autoregressive nature of LLMs results in slow infer-
ence due to sequential token generation. In contrast, alter-
native generative models such as VAEs and GANs require
only a single NFE, but struggle with issues like blurry
sample generation and mode collapse (Dosovitskiy and
Brox, 2016; Arjovsky et al., 2017). Thus, speeding up
inference in diffusion models is a crucial research prob-
lem that spans multiple, potentially complementary, di-
rections. Approaches for pruning large models (Ma et al.,
2023) are commonly used, but, increase the risk of hal-
lucination. We need FMs that are less computationally
complex to train and compute in order to reduce the envi-
ronmental impact. Therefore, alternative lossy model ap-
proaches, such as VQ-GAN (Esser et al., 2021) for images,
promise to significantly reduce data dimensionality while
preserving relevant details.

Last but not least, FMs need to be accessible to AEC prac-
titioners. The domain is strongly fragmented and domi-
nated by SMEs (Small and Medium Enterprises), where
individuals cannot afford to build those FMs on their own.
We need a community effort to build those models to-
gether and to release them as open source. Accessibil-
ity also implies that the models can be seamlessly inte-
grated into common AEC workflows. Current established
workflows for FMs are prompt-based and require exper-
tise and multiple iterations to retrieve the desired out-
come (Zechmeister et al., 2023). Unfortunately, many de-
sign, planning, and construction processes do not involve
only iterative refinement towards a final choice. They are
inherently multi-stage and multi-participant workflows.
Current research towards such workflow-driven devel-
opment focuses on multi-tool workflows for LLMs like
LangChain/LangGraph (Topsakal and Akinci, 2023). In
AEC, these processes should ideally be managed through
intuitive interfaces, such as deep CAD integration or voice-
controlled assistants. We need new tools and processes
for integrating FMs into AEC workflows that allow multi-
modal interaction in design, construction, and operation.
This also includes Al-based understanding of user behav-
ior (Roitberg et al., 2015) to enable intuitive and efficient
interaction with professionals.

The preceding literature analysis demonstrates the broad
applicability of FMs to increase productivity and sustain-
ability in the AEC industry across a multitude of use cases
in the lifecycle. It also identified common challenges, dis-
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Figure 1: Foundation models need to be extended with new modalities and knowledge representations for AEC

cussed in the last section, across all applications that reside
deeply in the models themselves. The research results also
show that we cannot solve those with general purpose FM
approaches, as AEC offers special challenges:
e Incorrect: Hallucinations are a major risk for AEC
e Incompatible: Well established models like BIM are
not accessible to current FM.
e Inconsistent: FMs have little spatial and causal un-
derstanding to create consistent content.
* Non-contextual: Complex constraints such as brown-
field scenarios are not considered.
e Incomplete: A large body of knowledge exists in stan-
dards, regulations, etc. that remains unused.
* Disconnected: FMs are not well integrated into com-
mon AEC workflows to unlock productivity gains.
* Untrusted: Good benchmark and training datasets to
validate FM’s correctness are missing.

Research Directions for BFM

The diversity and large multi-modality required across the
AEC lifecycle indicate that there cannot be a single large
FM that serves them all. We must focus on researching
Building Foundation Models (BFMs) as a family of models
and technologies, that enable us to build reliable domain-
specific models. They may have generalized versions (like
a BFM for ISO standards), but also need to be tuneable to
specific projects to account for their uniqueness. Possible
solutions here are quick-shot learning approaches, chain-
of-thought explainable reasoning, knowledge graph-based
verification, and neuro-symbolic modelling to enable a
new generation of BFMs for engineering that reasons cau-
tiously to provide reliable and consistent assistance. Fig. 2
shows the different proposed research topics and how they
connect with each other. The topics are:

Consistent novel multi-modal BFM approaches focus
on creating advanced FMs that seamlessly integrate mul-
tiple data modalities such as text, images, and geometric
data, as both inputs and outputs. These models should

leverage existing knowledge from BIM systems to ensure
they meet the complex constraints of the AEC domain and
to produce consistent and accurate engineering designs.

Causal neuro-Symbolic BFMs are needed to unlock the
potential of neuro-symbolic, graph-based foundation mod-
els that are capable of representing and reasoning about
causal relationships within engineering contexts. These
models should not only be able to understand and model
cause-and-effect relationships, but also apply this reason-
ing to support decision-making processes in engineering
tasks. The objective is to develop models that can incorpo-
rate domain-specific constraints and knowledge, enabling
them to provide more accurate, context-aware outputs that
are essential for critical engineering decisions.

Novel knowledge extraction approaches access knowl-
edge from non-textual sources such as tables, equations,
diagrams, and CAD drawings. The goal is to enhance
the foundational understanding of multi-modal models by
incorporating information that is traditionally difficult to
process, such as complex engineering calculations or de-
sign specifications. By developing tools and methods that
can accurately interpret and integrate this diverse informa-
tion, BFMs can be made more robust and versatile, capable
of addressing a wider range of engineering challenges.

Utilizing few-shot learning enables FMs to quickly adapt
to specific engineering problems. This objective focuses
on developing models that can be trained with minimal
data to perform effectively in niche areas of the AEC do-
main. By leveraging few-shot learning, these models can
be fine-tuned to address specific tasks, such as structural
analysis or materials optimization, without the need for ex-
tensive retraining. This approach aims to make foundation
models more flexible and adaptable, allowing them to be
deployed rapidly in various engineering scenarios.

Development of interfaces and tools for new input
modalities creates interfaces that seamlessly integrate new
input modalities into the BFM workflow. This includes
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Figure 2: Topic areas to research Foundation Models in Architecture and Civil Engineering

designing tools that can interpret and process sketches and
diagrams, converting them into actionable data that BFMs
can use to generate accurate design outputs. It can also
involve developing robust image processing and machine
learning techniques that can accurately capture and inter-
pret design intent from various types of visual input. The
goal is to bridge the gap between traditional design meth-
ods and modern Al-driven processes, allowing for a more
fluid transition between manual and digital design stages.

Integration into human design workflows needs inter-
faces and tools that enable the smooth integration of gen-
erative BFMs into design workflows by human-centered-
design, ensuring that these models can be effectively uti-
lized in construction design and other engineering pro-
cesses. This includes developing solutions that facilitate
easy integration with project management systems, design
documentation, and collaborative CAD platforms. The
goal is to streamline the design process and make it easier
for teams to collaborate and manage projects efficiently.

Construction and operational integration tools focus on
developing interfaces and tools that facilitate the integra-
tion of BFMs into construction and operational processes
throughout the building lifecycle. This includes creating
mixed reality and mobile tools that enable the use of BEMs
in the field, ensuring their practical application in real-
world construction and operational scenarios.

Data labeling and MLOps workflows requires research
into tools and processes tailored to different stages of BFM
development. Starting with workflows to efficiently man-
age and label unstructured datasets for BFMs training, to
automated model testing and monitoring of model quality.

Novel benchmarking and evaluation methods are
needed to evaluate the performance of BFMs, particularly
in terms of their correctness, fairness, and robustness when
applied to engineering tasks. This includes developing
benchmarks that reflect the diverse and multi-modal na-
ture of the AEC domain, ensuring that models are tested
against realistic and challenging scenarios. The objective
is to establish a comprehensive evaluation framework that
can identify and mitigate potential issues, such as bias or
hallucination, ensuring that BFMs meet the stringent qual-

ity standards of engineering.

The development of large-scale reference datasets is
immanent to train and benchmarking BFMs on real-world
conditions. These datasets should be designed to cap-
ture the multi-modal and diverse nature of engineering
knowledge, enabling the extraction of generalizable do-
main knowledge that can enhance the robustness of BFMs.
Usability studies across application scenarios need to
assess the effectiveness of BFMs in practical, real-world
settings. These studies should evaluate the impact, usabil-
ity, and productivity of BFMs across various stages of the
building lifecycle, ensuring that these models can be ef-
fectively integrated into everyday engineering workflows.
Fairness, bias, and ethical considerations require meth-
ods to detect and address gender, racial, or cultural bias
in datasets. This also includes approaches to evaluate the
ethical implications of privacy violations, misinformation
propagation, and harmful outputs, as well as datasets and
metrics that test a model’s ability to explain its predictions
and decision-making process.

Enabled Use Cases throughout the Lifecycle

Addressing the research questions will unlock the safe use
of BFMs in AEC industries across the lifecycle, from ar-
chitecture, planning, construction, operation, to asset and
facility management, and recycling. They will signifi-
cantly increase productivity and sustainability by assist-
ing architects and engineers with Al solutions that analyse,
summarize, advise, and automate tasks in their daily work
to reduce complexity of information intake, support under-
standing of complex knowledge, and increase the quality
of output produced under constraints.

The design phase embeds BFMs in a number of ways. This
begins with summarizing the requirements of a construc-
tion by using BFMs to collect requirements from initial
sketches, assisted with text or speech dialogues, and com-
plementing them with boundary constraints like shape,
style, and regulatory requirements by analysing existing
documentation about a site. Following those constraints,
images and 3D models for design variants are generated,
which provide consistent views from different angles and
can fuse with existing images of the surrounding environ-



Table 1: Capabilities enabled by Building Foundation Models in different lifecycle phases

Capability Design Build Operate

- 3D BIM-Models - Schedules - Work orders
Generate - Consistent Multi-View Images - Action lists - Reports

- Descriptive Texts and Reqirements - Translations - Maintenance

- User Input (e. g., sketches, voice) - 360° progress reports - Historical data
Summarize - Site constraints from documents - Construction standards - Maintenance History

- Standards/Regulations

- Project communication

- Spatio-temporal causality

- Site constraints
Adapt - Local regulation & governance
- Multi-modal user interaction

- Communication context
- Project context
- Supply-chain & logistics

- Green Digital Twins
- Change documentation
- Circular Economy

ment to deliver a convincing vision. Those variants are
evaluated to meet engineering standards like structural and
energetic requirements. These designs are then refined by
BIM planners, supported by Al assistants that provide con-
textually correct regulatory advice through BFMs that are
adapted to these specific use cases. Ultimately, the de-
signs are documented with generated text that reflects the
design, requirements and technical details.

The construction phase utilizes BFMs to assist construc-
tion managers and builders in the field. They can use
BFMs to summarize construction progress by analysing
pictures with references to the original designs and linking
relevant communications and documents. The installation
of complex systems is supported by BFMs that condense
handbooks and standards to the current context. This in-
cludes generating schedules of causally correct sequences
of actions to provide action plans for workers and construc-
tion robots alike. These BFMs also overcome language
barriers on construction sites and allow multi-lingual com-
munication at different knowledge levels. This presumes
that the BFMs adapt to the contextual knowledge of a
project and site to provide the right input at the right time.
The operation phase extends BFMs capabilities of earlier
phases in order to enable predictive and preventive main-
tenance. BFMs are used to summarize historical docu-
mentation like work orders, BIM models or handbooks
to quickly assess the state of the construction and identify
recurring issues for predictive maintenance. They can be
used to generate and verify incomplete work orders with
more detailed problem descriptions and solutions, improv-
ing documentation quality while reducing documentation
effort. By continuously adapting the BFMs to the specific
behaviour of the building, its lifecycle documents, and op-
erational data, building-specific Digital Twins can be re-
trieved. They can support operators by answering ques-
tions about the construction and by linking information
from various sources across the lifecycle in consistent, un-
derstandable views. This can also be a key driver for sus-
tainable renovations and recycling.

In all of these lifecycle phases BFMs support architects
and engineers in their tasks as shown in Table 1 by
summarizing multi-modal documents contextually to their
project, by automating workflow steps with content that
is generated according to engineering standards, and by
adapting to domain- and project-specific knowledge. Par-

ticularly in our world, where the data that needs to be pro-
cessed is constantly increasing, these assisted technologies
are crucial to stay productive and focused.

Conclusions

This paper discusses the development of FMs in the con-
text of AEC use cases. The current generation of FMs
demonstrates wide applicability across use cases and re-
markable first results. They also reveal intrinsic issues
that prevent FMs from unlocking their full productivity
potential for engineering generally and AEC specifically.
We discussed those challenges like halluzination, inter-
pretability and domain applicability and showed exam-
ples of recent research approaches that may levigate them.
Based on this analysis, we formulated a number of research
directions toward the development of Building Foundation
Models, which are domain-specific FMs that adapt to en-
gineering and project-specific knowledge from ISO stan-
dards to BIM models and seamlessly assist existing pro-
cesses. Those models should be open-sourced to be adopt-
able by the SME-dominated AEC community. Our com-
munity is best positioned for this development with our
long investment in standardization and BIM. To leverage
this, we need a joint effort in our community to fully
embrace the potential of Building Foundation Models
to transform the productivity of workflows across the life-
cycle and increasing reliability of increase the reliability
of future engineering.
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